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The advent of driverless vehicles, including automobiles and buses, may considerably 
affect the competitiveness and ridership of public transportation services in negative 
as well as positive ways. Since driverless vehicles may be widely used in the fairly 
near future, public transit operators and transportation planners should prepare to deal 
with their anticipated effects. In this thesis the author (1) formulate modular 
optimization models for both human-driven and automated bus services with fixed 
routes as well as flexible routes, (2) develop preliminary quantitative assessments of 
those effects, showing that without drivers, competitiveness of public transportation 
compared to private transportation decreases; (3) conduct sensitivity analyses to 
explore how changes in input parameters affect the results; and (4) identify insights in 
which transit operators, transportation planners and other transportation system 
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Chapter 1: Introduction 
 
1.1 Background 
Public transport is a crucial service that supports human mobility. It may be 
considerably affected in performance, cost and service quality by the advent of 
automated vehicles (AV’s). The major difference is the automated driving 
technologies can eliminate the cost of driver. Also, all else being equal, groups of 
AV’s can move at a higher density for any given speed than “normal” human-driven 
vehicles, thereby increasing the service capacity of roads. Since the relevant hardware 
and software are improving faster than human drivers, AV’s should eventually 
improve safety. Besides the advantages in capacity, speed and safety, people 
switching to automated private cars from human-driven ones may effectively 
decrease their cost of travel time as they can engage in non-driving activities. 
Quantitative analyses comparing automated and human-driven systems can be 
conducted through simulation modeling, cost-effectiveness analysis and other 
mathematical approaches. However, studies seem scarce on how AV technology 
would affect the competitiveness of public transport services. 
1.2 Objectives 
Specific objectives for this thesis are as follows: 
1) Developing cost functions for different transportation modes. Developing 




flexible-route bus, private vehicle and taxi. Mathematical models are used to 
analytically optimize some characteristics for each alternative and to 
determine under what conditions, if any, is each alternative preferable. In 
formulating the total cost model for each bus service alternative, bus operating 
headway is treated as one of the optimizable decision variables. Other 
decision variables used here are bus size, route spacing for conventional bus 
service and service zone size for flexible-route bus services. In formulating 
the total cost model for each taxi service alternative, taxi fleet size is treated as 
an optimizable decision variable.  
2) Develop a mode selection model for the minimal total cost. Demand functions 
with elasticity to service cost of each alternative should be formulated and 
applied to minimal mode choice problem. The objective functions for each 
transportation service are taken as the sum of user cost and operation cost. The 
mode selection model finds solutions for headways, fleet sizes, route spacings, 
service areas, and the market share of each alternative. 
3) Conduct sensitivity analysis to explore how changes in demand density, 
operating cost, market penetration of automated vehicle, automation 
parameter will affect the relative competitiveness of bus transit service. 
1.3 Thesis Overview 
The rest of the thesis is organized as follows. Chapter 2 provides a literature 
review of research most closely related to this thesis, including perspectives on the 
impact of automated driving and transit service optimization. Chapter 3 develops 




conventional bus, flexible-route bus, private vehicle and taxi service. It begins by 
presenting assumptions about bus service, taxi service and service area. Then, these 
assumptions are translated in terms of user cost and operation cost. Chapter 4 
demonstrates a logit mode choice model. Demand functions with elasticity to service 
cost of each alternative are formulated and applied to calculate the market share of 
each mode. Chapter 5 performs several sensitivity analyses for the optimal market 
share of each alternative acquired in chapter 4, showing how changes in parameters 
affect these results. Finally, Chapter 6 draws conclusions from the thesis and suggests 





Chapter 2: Literature Review 
 
 This chapter reviews relevant studies on automated vehicle operations, 
transportation service optimization and demand elasticity in the analysis of bus transit 
services.  
2.1 Automated Vehicle 
 Considerable research regarding automated driving has been conducted. In 
terms of purchase cost, Fagnant and Kockelman (2015) estimate that current AV’s 
cost several times more than a conventional vehicle in the U.S. They estimate that this 
difference in cost could be gradually reduced to $3000 or even less with mass 
production and technological advances in AV’s. On the other hand, the introduction 
of AV’s can also affect the users’ time cost. In a stated preference survey in the 
Netherlands, Yap et al. (2016) find a higher value of time for using fully automated 
(level 5) compared to manually driven vehicles as an egress mode (i.e. train station to 
home) for train trips. This result violates the hypothesis that travel time disutility in 
an AV would be lower than in a human-driven car since travelers would be able to do 
other things instead of driving. According to their research, this result can be 
explained by the possible unease of travelers with the idea of riding in an AV due to 
lack of any real-life experience with such vehicles. Another explanation may be that 
the survey only treats AV’s as the egress mode of train trips. An egress trip is short, 
so it does not allow travelers to fully experience the potential benefits of AV’s, such 
as travel safety. Milakis et al. (2015) report a possible decrease of the value of time 




automated vehicle development in the Netherlands. Another important effect of AV’s 
on traffic operation is increased road capacity. Ngoduy (2012) reports that a 30% 
penetration rate of automated cruise control (ACC) could significantly reduce 
oscillation waves and stabilize traffic near a bottleneck, thus reducing travel time by 
35%. Hoogendoorn et al. (2014) conclude in their review that automated driving 
might be able to reduce congestion by 50%, and possibly even further with the help of 
vehicle-to-vehicle and vehicle-to-infrastructure communication. Shladover et al. 
(2012) show that as the penetration rate of Cooperative Adaptive Cruise Control 
(CACC) increases from 0% to 100%, the capacity could theoretically double. Kamal 
et al. (2015) develop a control system which coordinates connected vehicles, so they 
can safely and smoothly cross an intersection with no traffic lights. Fagnant and 
Kockelman (2014, 2018) estimate that each shared AV could replace around 11 
conventional vehicles. This rate drops to around 9 in a scenario with significantly 
increased peak hour demand. Chen et al. (2016) report that if vehicle charging is also 
taken into account in the case of shared electric AV’s, then each shared AV may only 
replace 3.7 to 6.8 private-owned human-driven vehicles. 
The introduction of AV’s can also impact parking. Childress et al. (2015) 
identify potential changes in households’ accessibility patterns in Seattle, WA, in a 
scenario where this region’s transportation system is entirely based on AV’s. This 
scenario not only assumes that driving is easier and more enjoyable (increasing 
capacity by 30% and the decreasing value of time by 35%) but also cheaper due to 
lower parking costs. Zhang et al. (2015) and Spieser et al. (2014) offer estimates 




3 and 14. Thus, parking demand could be reduced from about 67% to over 90%. Wu 
et al. (2011) demonstrate a fuel economy optimization system that provides human 
drivers or automated systems with advice about optimal acceleration and deceleration 
values, taking into account vehicle speed, acceleration, current speed limit, headway 
spacing, traffic lights and signs. Their driving simulator experiment of urban 
conditions with signalized intersections reveals a decrease in fuel consumption of up 
to 31% for drivers using the system. Fagnant and Kockelman’s (2015) estimate for 
the cost of automation takes into account the safety, congestion, parking, travel 
demand and vehicle ownership impacts. It is based on several assumptions about 
market share, the number of AV’s, fuel saving, delay reduction, crash reduction, and 
vehicle mile travel (VMT). Their results show that yearly social benefits such as lives 
saved and fewer crashes could reach $2960 per AV (at 10% market share) and 
increase up to $3900 (at 90% market share) if the comprehensive costs of crashes are 
considered.  
Speculation on how the introduction of fully autonomous vehicles will impact 
public transit varies among experts. Predictions range from a belief that shared AV 
fleets of personal-sized vehicles will effectively replace public transit, to a possibility 
of fleets of smaller autonomous buses, to an expectation that public transit will be 
strengthened by autonomous technology (Freemark, 2015). Eliminating or reducing 
mass public transit would be problematic, since replacing bus trips with personal 
vehicle trips would inevitably increase vehicle miles traveled, and therefore, 
congestion. Additionally, shared AVs may prove to be too expensive for many current 




maintain current capacity. While this could be used to improve frequency, it may 
result in headway to be too small to maintain on some routes and will limit the ability 
of the routes to cope with any added demand. Additionally, a shift to more vehicles 
with lower occupancy could contribute to worsening congestion. Full size transit 
buses alleviate some of the concerns associated with smaller vehicles, by maintaining 
current capacity without a need to add vehicles. In fact, since the human drivers could 
be removed, it may be possible to make more capacity available for passengers. For 
these reasons, as well as ease of comparison, the autonomous technology portions of 
this thesis focus on the use of fully autonomous technology in full-size transit buses. 
 
2.2 Analysis of Public Transportation Competitiveness 
 Travel mode refers to the choice of transportation mode by people or things 
during a trip, that is, the way people or things move from a point of origin to a 
destination. Public transportation has the merits of alleviating urban road congestion 
and is environmentally friendly. Guiding passengers to choose public transportation 
as their travel mode can be the key to solving urban traffic congestion. Thus, choices 
of travel mode and their influencing factors have long drawn the interest of 
researchers. Among them most of the researches are focusing on the attributes of the 
transit modes. Ma (2006) sums up all the influence factors associated with mode 
choice and regarded time, cost, comfort, and habit as the four essential factors. Xu et 
al. (2005) integrate various factors affecting residents’ travel into six indicators which 
reflect the service level of urban passenger transportation (i.e., safety, economy, 




evaluation factors for the satisfaction rule model of residents’ travel mode choice. 
Similarly, by analyzing origin–destination (OD) survey data from Bengbu city, Bao 
(2009) conclude that cost-saving, time-saving, and personal comfort are the primary 
considerations for residents’ choice of travel mode. Focusing on commuting travel 
and shopping travel, Zhao (2008) analyze the influence of parking charges on travel 
mode choice using travel survey data of Beijing residents from 2005. The results 
show that parking charges greatly affected the mode choice after improvements in the 
public transit service level. In addition, reducing the number of non-commercial 
parking spaces and increasing the proportion of paid parking hours can also guide 
travelers to switch from private car travel to using public transit. Tyrinopoulos and 
Antoniou (2008) evaluate the influence factors leading to changes in passenger-
perceived satisfaction with the public transit using factor analysis and ordered logit 
modeling. They identify the most significant factors influencing passenger 
satisfaction in various traffic modes. Among them, quality of service and transfer 
quality appear to hold a top priority for the customers. These are associated with 
quality attributes comprised prices, information provision, waiting and in-vehicle 
conditions, accessibility and transfer coordination. Iseki and Taylor (2010) analyze 
users’ experience at transit stops and stations and found that short walking time and 
reliable service matter most to riders’ satisfaction. Habib et al. (2011) combine a 
multinomial logit model with latent variable models to capture factors that influence 
the choice of travel mode using data from a transit customer satisfaction survey, the 
results show that the most significant factors were reliability and convenience of 




model, multivariable discrete distribution model and generalized linear model to 
identify the relations between passengers’ overall satisfaction and influence factors 
and quantify the impact degree of those factors on passengers’ satisfaction. They 
conclude that public transit reliability is most influential in riders’ perception of 
overall service quality. Ona et al. (2013) use structural equation modeling to reveal 
the relations between latent factors and overall service quality. They find that comfort 
and personnel behavior had little influence whereas those factors related to service 
had the highest weight overall service quality.  
 
2.3 Transit Service Optimization 
Regarding transit service optimization, since Mohring’s work (1972), many 
studies have optimized decision variables such as vehicle size, stop spacing and 
service areas for public transit services. In early studies by Newell (1979), Wirasinghe 
and Ghoneim (1981), Kocur and Hendrickson (1982), Tsao and Schonfeld (1983), 
Jansson (1980), Chang and Schonfeld (1991a,1991b,1993) and Chien and Schonfeld 
(1998), both network structure and demand pattern are greatly simplified to obtain 
closed-form solutions. Usually, the total cost objective, which includes both the 
suppliers’ cost and users’ cost, is minimized. After recent advances in computation 
power and optimization methods, studies are beginning to explore more realistic 
characteristics of public transit systems by relaxing some of these simplifying 
assumptions (e.g., uniform demand density throughout the study region). These 




maker chooses either to minimize the total cost or to maximize total profit or social 
welfare, respectively, for private or public operators. 
2.4 Transit Service with Demand Elasticity  
 In this section, papers of optimizing transit service with demand elasticity are 
reviewed. Kocur and Hendrickson (1982) optimize the decision variables namely 
route spacing, headway, and fare, with demand elasticity. They assume a linear transit 
utility function rather than a logit form. The reasons for the linear utility 
approximation are that it is analytically tractable, is easily differentiated and 
manipulated, and it is convex within its upper and lower bounds. They consider user 
waiting time, user access time, user in-vehicle time, fare, and time and cost of bus 
service in the demand model. They provide analytic closed form solutions, but this 
study is limited to a conventional bus service operating in a local region. Later, Imam 
(1998) extends Kocur and Hendrickson (1982)’s study by relaxing the linear demand 
function. In his work, a log-additive function is applied for demand.  
 Zhou et al (2008) formulate welfare for conventional bus services and flexible 
bus services, but only for a system connecting a terminal to one local region in one 
period. They find solutions analytically because the formulation of a system that 
connects a terminal to one local region in one period is analytically tractable. 
Analyses of system welfare with larger problem sizes (i.e., multiple regions and 
multiple periods) for both conventional and flexible services are desirable. They 
analyze tradeoffs between subsidies and welfare, but do not provide detailed enough 
methods to duplicate their results. Chien and Spasovic (2002) study a grid bus transit 




spacings, headways, and fare with the objective of maximum total operator profit and 
social welfare. The elastic demand is subtracted from the potential demand as in 
Chang and Schonfeld (1993), and the optimal solutions are found analytically. This 
work is applicable to conventional bus services.  
 Tsai et al (2013) find the headway and fare solutions for a Taiwan High-Speed 
Rail (THSR) line, with a maximum welfare objective. They consider elastic demand 
for the study and apply a genetic algorithm (GA) to obtain solutions. They compare 
solutions from a GA and solutions from an SSM (Successive Substitution Method). 
However, this study does not provide enough evidence on the global optimality of its 
solutions. 
2.5 Review Summary 
In summary, the advent of AV’s can considerably affect modern transportation 
systems. Also, many previous studies show that analytic optimization has various 
useful applications in optimizing public transportation system. To date, the impact of 
automated vehicle on bus transit service with joint optimization of their decision 
variables is largely neglected in the literature. It is necessary that such potential 
effects be identified and estimated quantitatively so that appropriate preparations, 
regulations and adjustments can be developed. In particular, for proper investment 
decisions for transportation infrastructure, especially in transit vehicles and facilities, 




Chapter 3: Methodology 
 
3.1 Problem Statement 
Automated vehicles are defined by the U.S. Department of Transportation's 
National Highway Traffic Safety Administration (NHTSA) as “those in which 
operation of the vehicle occurs without direct driver input to control the steering, 
acceleration, and braking and are designed so that the driver is not expected to 
constantly monitor the roadway while operating in self-driving mode.” They can 
provide a presumably safer, faster transit service. The potential impacts of integration 
of automated vehicle and bus transit have not been sufficiently explored. Those 
potential impacts are the subject of this chapter. In this thesis, eight transportation 
modes are modeled and compared, namely human-driven conventional bus (fixed 
route), human-driven flexible bus, human-driven private vehicle, human-driven taxi, 
automated conventional bus, automated flexible bus, automated private car and 
automated taxi. These are denoted, respectively as HC, HF, HP, HT, AC, AF AP and 
AT. Also, human-driven vehicles are denoted as HV and automated vehicles are 
denoted as AV.  The modular geographic elements illustrated in Figure 1 serve many-
to-1 (M-to-1) demand patterns, in which all users travel between a zone and a 
terminal. Many-to-many (M-to M) demand patterns can be served when multiple such 
elements are combined, and passengers transfer at a central terminal. This chapter 
modifies the cost function provided by Kim and Schonfeld (2014). More specifically, 




competitiveness of each alternative, (2) develops models for taxi service and private 
vehicle and (3) compares human-driven and automated conventional bus, flexible 
bus, private vehicle and taxi under various assumed conditions. These models are 
intended for conceptual comparisons of services rather than detailed planning and 
operations.  
3.2 Notation and Assumption 
3.2.1 Notation and Baseline Value 
Definitions and baseline values of variables are provided in Table 1, which are 
considered reasonably typical. 
Table 1 Notations and Baseline Values 
Variable Explanation Baseline value          (human-driven) 
Baseline value 
(automated) 
a fixed operating cost ($/ vehicle hour) 30 50 




road capacity ratio with 
proportion of AV 1 1.14 
 
 
 private vehicle fuel cost (cent/mile) 13.3 8.87 
 
private vehicle maintenance cost 
(cent/mile) 4.256 24.24 
 
 




driver cost per hour ($/hour)  16 0 
 
 
private vehicle depreciation cost 
(cent/mile) 9.3 18.6 
 parking cost for private car per trip 
($/trip) 2 0 
d bus stop spacing (miles) 0.2 0.2 
D 
(conventional) 
equivalent average bus round trip 
distance (mile) 12.17 12.17 
D 
(flexible) 
equivalent average bus round trip 
distance (mile) 4.5 4.5 





F fleet size (vehicles) - - 
 
 
taxi fleet size (vehicles) - - 
h bus headway (hour) - - 
J Line haul distance of region(mile) 1 1 
L length of the service area(mile) 4 4 
  bus load factor 1 1 
𝐿𝐿𝑝𝑝 taxi and private car load factor 1.55 1.55 
m parameter for capacity function 2 2 
M equivalent average user trip distance (mile) 3.39 3.39 
N number of branched zones in conventional bus service - - 
n number of passengers in one flexible bus tour - - 
p private car user value of time ($/hour) 14.1 11.28 
Q round trip demand density  (trips/ square mile∙hr) 40 40 




value of user in vehicle time ($/hour) 5 4 
 
average speed of conventional bus 
(mph) 25 28.6 
 
 
average speed of flexible bus (mph) 20 22.8 
 average speed of private car (mph) 35 40 
 average speed of taxi (mph) 35 40 
𝑉𝑉𝑥𝑥 user access speed(mph) 2 2 
W width of the service area(mile) 3 3 
w value of user waiting time ($/hour) 12 9.6 
x value of user access time ($/hour) 12 9.6 
y express speed/local speed ratio for conventional bus 
Conv bus =1.8                   
Flex bus= 2.0 
Conv bus =1.8 
Flex bus= 2.0 
z local non-stop speed/local speed ratio same as y same as y 
 
 
taxi operation cost per vehicle-
distance($/veh-mile)  0.28 0.32 
 
 
taxi driver cost per vehicle hour($/veh-




value of user in taxi time ($/hour) 15 12 
 taxi value of user waiting cost($/hour) 20 16 
𝜆𝜆 taxi arrival rate - - 
μ taxi service rate - - 




θ value of time reduction parameter 1 0.8 
α (conventional bus) expected profit margin  10.5% 10.5% 
α (flexible bus) expected profit margin  10.5% 10.5% 
α (taxi) expected profit margin  21% 21% 
β payment transaction fee 0.0044 0.0044 
VAT value add-up tax 5.5% 5.5% 
 
3.2.2 Assumptions 
The following simplifying assumptions are made here for all eight modes: 
 
• The service area is rectangular of length L and width W. This area is 
connected with a transportation terminal at its nearest corner by a highway 
that is J miles long, as shown in Figure 1. 
• The demand is uniformly distributed over space within the region and 
uniformly distributed over the analyzed time period. Allowing the average 
waiting time of passengers to be approximated as half the headway. 
• Bus layover time is negligible. 
• The average speed of each mode includes stopping times. 
• External costs are negligible. 
• Movements in the service area are rectilinear. 
The following assumptions are made only for the automated and human-driven 
conventional bus:  
• The service area is divided into N branched zones uniformly with a route 
spacing of r=W/N. 
• In each round trip, buses travel from the terminal to a corner of the local 




average of W/2 miles at local non-stop speed zVc from the corner to the 
assigned zone, and then run a local route of length L at local speed Vc along 
the central axis of the zone while stopping for passengers every d miles, and 
then reverse the above process in returning to the terminal. 
The following assumptions are made only for the automated and human-driven 
flexible bus: 
• To simplify the flexible bus formulation, the service region of size E is 
divided into N equal zones, each having an optimizable zone area A = E/N. 
Each zone should be fairly compact and convex.  
• Buses travel from the terminal in a J length highway at non-stop speed yVf, 
and an average distance (L +W)/2 miles at local non-stop speed zVf to the 
center of each zone. They collect (or distribute) passengers at their doorsteps 
through an efficiently routed tour of length D with n stops at local speed Vf. 
According to Stein (1978), D is approximated as 1.15√𝒏𝒏𝒏𝒏 where n is the 
number of stops per flexible bus tour. Except when passengers travel in 
groups, n is also the sum of boarding and alighting passengers per tour. The 
values of n and D are endogenously determined. To return to their starting 
point the buses retrace an average of (L +W)/2 miles at zVf miles per hour and 
J miles at yVf miles per hour. 
• Buses operate on schedules with optimized equal headways and with flexible 
routing designed to minimize each tour distance D. 





• A private car travel route is partly similar to a flexible bus route. A private car 
travels from the terminal on a J length highway with at non-stop speed Vp, 
and then travel on the local road with an average distance (L +W)/2 miles at 
local non-stop speed Vp. To return to its starting point a car retraces an 
average of (L +W)/2 miles at Vp miles per hour and J miles at Vp miles per 
hour. 
• The cost of automated private cars consists of depreciation, fuel consumption, 
tire expense, maintenance, repairs and user travel cost. The total cost for 
human-driven vehicles is first modeled, then its parameters are repaired with 
those for AV’s. 
The following assumptions are made only for automated and human-driven taxi: 
• A taxi travel route is partly similar to a flexible bus route. A taxi picks up a 
passenger then travels from the terminal on a J length highway with at non-
stop speed Vt, and then travel on the local road with an average distance (L 
+W)/2 miles at local non-stop speed Vt. Vehicle distance traveled between 
delivery trips are ignored. After picking up the passenger, the taxi returns to 
its starting point by retracing an average of (L +W)/2 miles at Vt miles per 





Figure 1 Conventional and Flexible Bus Services 
3.3 Model Formulation 
For the operation cost of conventional and flexible bus, bus operating cost, 
user in-vehicle cost, user waiting cost and user access cost are considered. Since 
flexible bus provides door-to-door service, its user access cost is negligible. Detailed 
formulations regarding conventional bus and flexible bus, with baseline values, can 
be found in Kim and Schonfeld (2014).  
3.3.1 Automated Conventional Bus 
The effect of autonomous cars on the capacity of roads is considered in 
several studies. Zwaneveld and Van Arem (1997) review the early literature and argue 
that a doubling or tripling of capacity is likely. More recently, Shladover et al. (2012) 
find that the expected increase in capacity can be as low as 1% for autonomous cars 




can be as high as 414% with very efficient cooperation. The predicted capacity 
increases thus vary from almost no effect to a quintupling of capacity. 
All results show that while switching from 100% HV’s to 100% AV’s if 
vehicle types travel mixed, the capacity effect could be much less beneficial (e.g. 
Tientrakool et al. 2011). Van Arem et al. (2006) even found that introducing 
autonomous cars may reduce capacity when their share is low. Levin and Boyles 
(2016) found that the AV fraction must exceed 75% for capacity not to decrease due 
to inefficiencies with mixed traffic at intersections. These results show that the road 
capacity is a highly convex function of the share of AV’s. The present analysis 
follows Van Den Berg and Verhoef’s (2016) assumption that the capacity increases 
convexly with the penetration rate of AV’s. They expressed the effect of market 





𝑟𝑟[𝑓𝑓] = 1 − 0.5 ∙ 𝑓𝑓𝑚𝑚 (2) 
In Equation 1 𝐂𝐂𝐚𝐚 is the capacity with a fraction 𝒇𝒇 of AV’s on the road, C is the 
standard capacity. m is the parameter determining the convexity of the capacity 
function. When m is increasing, the capacity function is more convex. The baseline 
value is assumed to be m = 2.0 and thus the capacity function is highly convex. 
As stated earlier, the total demand here is assumed to be fixed. Hence, the 
relation between speed and market penetration of AV can be formulated as  
𝑉𝑉𝑐𝑐𝑎𝑎 =
𝑉𝑉𝑐𝑐ℎ





Here 𝑉𝑉𝑐𝑐𝑎𝑎 and 𝑉𝑉𝑐𝑐ℎ  are the average speeds of, respectively, automated and human-
driven conventional bus. 
To determine operator costs, the fleet size F𝑐𝑐𝑎𝑎 should be computed. It is found 
by dividing the total round-trip time by the headway and D, which is the equivalent 
























The hourly operator costs Co are then the fleet size F multiplied by the 
operating cost B in $/vehicle hour 













The bus operating cost B is formulated as 
B = a + 𝐶𝐶𝐷𝐷 + bS (7) 
In Equation 3, a is the fixed cost including overhead and insurance. b denotes 
the variable cost including fuel cost, CD is the driver cost per hour and S is the vehicle 
size. For AV’s, which have no driver cost, the operating cost is 
B = a + bS (8) 





where 𝐿𝐿𝑓𝑓is the bus load factor. 




















The hourly user costs Cu consist of in-vehicle cost Cv, user waiting cost Cw, 
and user access cost Cx. When considering user cost, the difference in value of time 
(VOT) between human-driven and AV’s should be considered. Here, a parameter θ is 
used to express the driverless value of time: va = θv, wa = θw, xa = θx. 
The average user in-vehicle time is the average user travel distance divided by 

























where M is the equivalent trip distance per user. 
The user vehicle cost Cv is then 




where Q is the demand density. 
Since the average wait time is assumed to be half the headway, the hourly user 








In Equation 14, w is the user value of waiting time per hour. 









To sum up, the total cost is formulated as 














Here the vehicle size, bus headway and route spacing are optimized. 
Simultaneously solving the derivatives of 𝐶𝐶𝑐𝑐𝑎𝑎 in Equation 17 with respect to route 


































The optimized headway can be obtained by setting the first derivative of 𝐶𝐶𝑐𝑐𝑎𝑎 to 
zero, Also, all the Hessian matrices are checked to be positive definite for all 




























The optimized headway should be the maximum allowable headway (for 
satisfying the demand) or the minimum cost headway, whichever is smaller. The 


































The closed-form results in Equations 17 and 18 show how the optimal route 
spacing and bus size are related to exogenous characteristics. Basically, they have 
cubic root relations with system parameters. The optimal bus size is positively related 
to fixed operation cost, user access speed and round-trip distance. Also, it is 
negatively related to the automated VOT parameter, load factor and bus running 
speed. The optimal bus route spacing is negatively related to bus running speed and 
automated VOT parameter. These results indicate that when automated VOT 
parameter increase, a smaller bus size S and lower roundtrip time r are preferable. As 
shown in Equation 20, optimal bus headway is positively related to operation cost 
parameter and round-trip distance. Meanwhile, it is negatively related to automated 
VOT parameter. These results indicate that when automated VOT parameter increase, 
a smaller bus headway h is preferable.  
 
3.3.2 Human-Driven Conventional Bus 
 The cost formulation for HC is similar to that for AC. The difference lies in 





𝐶𝐶𝑐𝑐ℎ = 𝐶𝐶𝑜𝑜 + 𝐶𝐶𝑤𝑤 + 𝐶𝐶𝑥𝑥 + 𝐶𝐶𝑣𝑣  
=














































The optimized headway can be formulated as, 
ℎ𝑐𝑐ℎ
∗ = �























Equations 26 and 27 show how the optimal HC bus size and route spacing are 
determined by other system parameters. In comparing the optimal bus size and route 
spacing of human-driven and automated conventional bus systems in Equation 17 and 
18. The most significant difference between HC and AC is the driver cost, as AC 




the operation cost parameters a and b can presumably be greater for AC, so it cannot 
be decided which mode is more cost-effective based on Equations 17,18,26 and 27. 
3.3.3 Automated Flexible Bus 
Similarly, the total cost of flexible bus service consists of operating cost, user 
in-vehicle cost, and user waiting cost. However, since a flexible bus provides 
doorstep service, it has no user access cost, and the round-trip distance is different. 
The total cost is formulated as 
𝑉𝑉𝑓𝑓𝑎𝑎 =
𝑉𝑉𝑓𝑓ℎ

































Simultaneously solving the derivatives of 𝑪𝑪𝒇𝒇𝒂𝒂 in Equation 32 with respect to 














































































The closed-form results in Equations 33, 34 and 36 show how the optimal bus 
size, area of service area and bus headway for flexible automated bus are related to 
exogenous characteristics. They have a complicated relation with other system 
parameters. The optimal headway is positively related to market penetration of AV 
and negatively related to 𝜃𝜃. The optimal service area is positively correlated with the 
𝜃𝜃 and negatively correlated with the AV market penetration. These results indicate 
that bus headways and service areas decrease when the market penetration of AV’s 
increase. Also, the change in headway and service area can be directly calculated 
from Equations 33, 34 and 36. Detailed elasticity will be shown in sensitivity analysis 
below. 
Moreover, Equations 33, 34 and 36 show how the optimal vehicle size, zone 
area and headway are affected by other system parameters. In comparing the optimal 
headway of the AF system with that of the AC system in Equation 20, the following 




 (a) Some parameters which determine the conventional bus headway, such as 
the value of access time x and access speed 𝑽𝑽𝒙𝒙, do not affect the flexible bus 
headway, since the latter’s passengers have doorstep service with no access distance.  
(b) The relative effects on vehicle size of those parameters appearing in both 
Equation 20 and Equation 36 differ significantly. The optimal flexible-bus headway 
varies with the 4/5 power of operating speed rather than the 2/3 power of operating 
speed for conventional bus headway.  
3.3.4 Human-Driven Flexible Bus 
The formulation for HF is similar to that for automated flexible bus, but with 
some differences. First, AV’s can eliminate the driver cost. Secondly, bus operating 
parameters such as a and b can be different. Thirdly, according to the literature, the 
user value of time can be different. The total cost for HF can be formulated as 
follows, 

























Similarly, for the HF, the total cost per trip can be optimized with respect to 










































































3.3.5 Automated and Human-Driven Private Car 
The formulations of cost of automated private car and human-driven private 
are similar, the difference lies in parking cost, difference in travel speed and 
difference in parameter.  
According to Barnes and Langworthy (2003), costs of AP include 
depreciation, fuel consumption, tire expense, maintenance, repairs and user travel 
cost. First, the total cost for regular HP is evaluated, and then the value of each 
parameter is adjusted based on effects of automated driving. 
Fuel: the calculation of fuel cost is based on EPA (Environmental Protection 
Agency) fuel economy ratings, which estimate gallons needed per mile, multiplied by 




Maintenance: the cost of maintenance per mile is calculated by estimating 
five-year maintenance costs, excluding tires, and divided by the assumed 70000 
miles. This per-mile cost is assumed to continue for the life of the vehicle. 
Tires: the cost of tires per mile is calculated by estimating tire replacement 
cost divided by an assumed 45,000-mile tire life. 
Repair: the cost of repair is calculated by estimating a five-year repair cost. 
The U.S. Department of Transportation (2017) indicates that generally half of these 
costs occur in the fifth year. Repair cost per mile is calculated as half of total repair 
cost divided by 56000 miles for the first four years and half of total repair cost 
divided by 14000 miles for the fifth year. The fifth-year cost is assumed to continue 
for the life of the vehicle.  In estimating marginal repair costs, instead of considering 
the average age of all vehicles, the average age of the vehicles that are actually on the 
road at a given time is considered. This is almost certainly more weighted toward 
newer cars. It is assumed, based on registration patterns, that 1/3 of all mileage is 
driven by cars that are less than five years old. Therefore, a weighted average for a 
vehicle’s life can be obtained by multiplying the new-car repair cost by 1/3 and the 
old-car cost by 2/3.  
Depreciation: N.A.D.A. (National Automobile Dealers Association) provides 
adjustment factors for used car prices based on mileage above and below the assumed 
average for a car of a given age. Other depreciation is assumed to be based on the age 
of the vehicle rather than mileage. Adjustment factors are given in four categories, 




rate is higher for vehicles older than four years. A weighted average is computed 
similarly to repair costs. 
The cost of the car is formulated as  
𝐶𝐶𝑐𝑐 = 𝐶𝐶𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 + 𝐶𝐶𝑚𝑚𝑎𝑎𝑚𝑚𝑚𝑚 + 𝐶𝐶𝑜𝑜𝑚𝑚𝑡𝑡𝑓𝑓 + 𝐶𝐶𝑑𝑑𝑓𝑓𝑝𝑝𝑡𝑡𝑓𝑓 (42) 
On the other hand, the speed difference is still  
𝑉𝑉𝑝𝑝𝑎𝑎 =
𝑉𝑉𝑝𝑝ℎ
(1 − 0.5 ∙ 𝑓𝑓𝑚𝑚)
(43) 
User in-vehicle cost is calculated by multiplying user in vehicle value of time 
p by travel time: 







The total cost is expressed in dollars per trip as follows: 











where 𝐿𝐿𝑝𝑝 is the load factor of private car. 
For HP, one difference is that parking cost should be included. AV’s can drive 
themselves to an essentially free parking space or can be reused by other persons, as 
with taxis. Hence their parking cost can be assumed here to be negligible, unlike for 
HP, whose total cost would be 





















3.3.6 Human-driven Taxi 
Cost of taxi service consists of user cost and operating cost. User cost consists 
of user in vehicle cost and user waiting cost. Operation cost consists of taxi running 
cost.  First, the cost of human-driven taxi is formulated. The taxi fleet size is the 
decision variable to be optimized.  
To begin with, the user in vehicle cost is formulated as value of user in vehicle 
time multiplies the average travel time. In the following equation 𝜐𝜐𝑚𝑚 denotes the value 
of user in vehicle time. 







Passenger waiting time can be approximately derived from queuing theory, by 
assuming that arrival rate λ is average number of passengers per taxi, service rate µ 
can be approximately estimated as (1 – Ut)F, where Ut is the average percentage of 
occupied taxis on the roads and F is the fleet size of taxi. Average taxi occupancy can 
be considered to be roughly proportional to the ratio of total occupied taxi time to 
total taxi service time.  
𝑈𝑈𝑜𝑜 =










μ = (1 − 𝑈𝑈𝑜𝑜)𝐹𝐹𝑜𝑜ℎ (50) 
 Under standard M/M/1 queuing regime, the average waiting time in the 
system is tW = 1/(µ – λ) where tW is the expected waiting time and µ and λ are service 




 Taxi operation cost depends on vehicle-distance per hour of operation, G, and 
the fleet size, F. Any vehicle distance traveled between delivery trips (e.g., the 
distance traveled to pick up the next passenger) is ignored, hence 
G = LWQ �
𝐿𝐿 + 𝑊𝑊
2
+ J� (51) 
The author follows the method used by Nourbakhsh and Ouyang (2011), 
which converts the travel time and distance equivalents into dollars. Suppose $𝐺𝐺ℎ  
($/veh-mile) is the agency operation cost per vehicle-distance, $F($/veh-h) is the 
agency cost per vehicle hour, and 𝜐𝜐 is the average monetary value of one passenger-
hour.$𝐺𝐺ℎ  and $F are the operating cost relate to distance and time, respectively. 
$𝐺𝐺ℎ include cost of depreciation, fuel consumption, tire expense, maintenance, repairs. 
$M include the cost of driver and parking. However, the parking cost is negligible for 
taxi service. 𝜐𝜐𝑚𝑚 is user in vehicle value of time and 𝜐𝜐𝑤𝑤 is user waiting value of time. 
Thus, the cost of human-driven taxi can be formulated as, 
























+ J� (52) 
 The minimum cost fleet size can be obtained by setting the partial derivatives 



































 ,𝑀𝑀 = �
𝐿𝐿 + 𝑊𝑊
2
+ J�  𝑤𝑤𝑎𝑎𝑑𝑑 𝐹𝐹𝑜𝑜ℎ = 𝑖𝑖𝑎𝑎𝑣𝑣𝑖𝑖𝑖𝑖𝑖𝑖𝑟𝑟 (54) 
Equation 53 is a quartic equation with respect to fleet size. Optimized fleet 
size is denoted as 𝐹𝐹ℎ𝑜𝑜
𝑜𝑜𝑝𝑝𝑜𝑜. The solution to Equation 53 is presented in the Appendix. 
Only one of the four solutions to this equation is feasible. The integer constraint is 
required to obtain integer values for the number of taxis. To obtain total cost with 
integer solutions, the decision variables are first to be optimized, and then compare 
their neighboring integer solutions to satisfy such constraints. Also, we check that all 
the Hessian matrices are positive definite for all optimized relations in this thesis to 
ensure the results are globally optimal.  
3.3.7 Automated Taxi 
The formulation of cost of automated taxi is similar to human-driven taxi, 
while the difference lies in agency operation cost per vehicle-distance, driver cost, 
and travel speed. For automated taxi, the driver cost is negligible. The speed 
difference is the same as for bus 
𝑉𝑉𝑜𝑜𝑎𝑎 =
𝑉𝑉𝑜𝑜ℎ
(1 − 0.5 ∙ 𝑓𝑓𝑚𝑚)
(55) 
Therefore, the cost for automated taxi can be formulated as 


















+ J� (56) 
The minimum cost fleet size can also be obtained by setting the partial 
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𝐿𝐿 + 𝑊𝑊
2
+ J�  𝑤𝑤𝑎𝑎𝑑𝑑 𝐹𝐹𝑜𝑜𝑎𝑎 = 𝑖𝑖𝑎𝑎𝑣𝑣𝑖𝑖𝑖𝑖𝑖𝑖𝑟𝑟 (58) 
Chapter 4: Results 
Numerical studies are conducted to compare the competitiveness of various 
models. The baseline parameter values are specified in Table 1, the assumed baseline 
for configurations of service area and bus services are suggested by previous studies 
(e.g. Kim and Schonfeld 2014), the value of time baselines are recommended values 
by the U.S. Department of Transportation (2017). 
4.1 Problem Statement  
Transit riders may have different service preferences based on fares, travel 
times, and other factors. In this chapter, different service qualities and demand 
elasticities are considered in user making choices from all eight modes. Total cost 
minimization is not a reasonable objective when the demand is elastic, since the 
demand can be driven toward zero when minimizing costs. Instead of minimizing 
total system cost, the objective in this chapter is to quantify the relative 
competitiveness of each transportation mode. 
 
4.2 Summary of Optimization Results 





Table 2 Optimization Results 
variable explanation baseline value         (human-driven) 
baseline value   
(automated) 
S*(flexible) optimal flexible bus size(seats/bus) 15.88 20.42 
A* optimal flexible bus service area (square mile) 2.91 4.14 
Y parameter 29.97 33.26 
S*(fix route) optimal conventional bus size(seats/bus) 22.34 17.26 
h*(flexible) optimal flexible bus headway (hr) 0.14 0.12 
h*(fix route) optimal fix route bus headway (hr) 0.17 0.15 
r* optimal route spacing for conventional bus(mile) 0.84 0.73 
M equivalent average user trip distance for conventional bus (mile) 3.39 3.39 
𝐹𝐹𝑜𝑜∗ taxi fleet size (vehicle) 74 47 
𝑪𝑪𝒇𝒇 flexible bus service cost ($/trip) 3.69 3.01 
𝑪𝑪𝒑𝒑 private vehicle cost ($/trip) 4.71 3.00 
𝑪𝑪𝒕𝒕 taxi service cost ($/trip) 5.79 4.44 
𝑪𝑪𝒄𝒄 conventional bus cost ($/trip) 4.02 2.69 
 
 
Figure 2 Cost comparison of different modes with and without autonomous vehicle technology 
From Table 2 and Figure 2, the following should be noted, 
• For bus modes with the assumed cost parameters with fixed demand, 
whether fixed route or flexible route, the modes with automation have 









lower costs. This result may be explained by removal of driver cost in 
automated service for buses and increase in average bus speed. 
• The area of service zone of flexible-route bus service tends to increase 
when automated service is introduced, due partly to the higher speed 
of AV’s, which allows them to cover a larger area in a given time. 
Another contributing factor is the decrease in value of time caused by 
the introduction of AV’s, which allows passengers to accept longer 
travel time. A longer travel time and a higher average travel speed 
allows for a longer travel distance, letting flexible bus to cover a larger 
service area. 
• The optimized bus size for conventional buses tends to be smaller for 
automated buses than human-driven buses. On the contrary, the 
optimized bus size for flexible buses tends to be larger for automated 
buses than human-driven buses. This result may be explained by the 
relatively faster speed of AV’s, as higher road capacity can be obtained 
with the introduction of AV. Faster buses can carry more passengers 
per hour, so that the flexible bus can carry more passenger in one 
round trip. Also, a longer round trip can cover a larger service area, 
which requires the flexible bus to have a larger bus to provide the 
service. 
• Under the assumed parameter, the fleet size of taxis decreases sharply 




relatively faster speed of AV’s. When the demand is fixed, automated 
taxi can provide the same level of service with a smaller fleet. 
 
4.3 Formulation of Utility Functions 
In this section, the relative competitivity of each transportation mode are 
quantified to exam which mode is preferable under baseline value. A simple 
multinomial logit model is applied to determine the probability that each mode is 
selected. 
The random utility of alternative i, Ui, for an individual in random utility 
models take the form 
𝑈𝑈𝑚𝑚 = 𝑉𝑉𝑚𝑚 + 𝜀𝜀𝑚𝑚 (59)
where 𝑉𝑉𝑚𝑚 is the systematic component of the utility of alternative i which is a function 
of observed attributes of alternative i, and 𝜀𝜀𝑚𝑚 is the random component of the utility 
function. For simplicity, the random component is ignored. The systematic 
component 𝑉𝑉𝑚𝑚 in this case is the user cost and price. The coefficients for user cost and 
price are assumed to be 1.0. Thus, the utility function for these eight transportation 
modes can be described as  
U = −𝐶𝐶𝑓𝑓𝑢𝑢𝑓𝑓𝑡𝑡 − Price (60)
The author follows Bösch et al. (2018) in reformulating price as follows: 
Price =  
𝐶𝐶𝑢𝑢𝑓𝑓𝑝𝑝𝑝𝑝𝑓𝑓𝑚𝑚𝑓𝑓𝑡𝑡
(1 − 𝛼𝛼)(1− 𝛽𝛽)
(1 + 𝑉𝑉𝐴𝐴𝑉𝑉) 
where 𝛼𝛼 is expected profit margin, 𝛽𝛽 is payment transaction fee, VAT is value-added 
tax. 









Then, the utilities using baseline value acquired from Table 1 are evaluated. 
The utility with 100% market share for each mode under baseline value can be found 
in Table 3. 
Table 3 Utility for each mode 
modes utility 
human-driven conventional bus -6.224 
automated conventional bus -3.618 
human-driven flexible bus -3.425 
automated flexible bus -3.167 
human-driven private car -4.627 
automated private car -2.794 
human-driven taxi -6.369 
automated taxi -5.439 
 
Using logit model to predict the market share, at first, the market shares are as 
follows. 
Table 4 Mode share for first iteration 
modes share 
human-driven conventional bus 1.10% 
automated conventional bus 14.86% 
human-driven flexible bus 18.03% 
automated flexible bus 23.33% 
human-driven private car 5.42% 
automated private car 33.91% 
human-driven taxi 0.95% 
automated taxi 2.40% 
 
Using the mode share of each transportation mode generated from the first mode selection as the 
input demand of next iteration. After 20 iterations, the market shares are,Table 5 Mode shares at 
20th iteration 
modes share 




automated conventional bus 0.00% 
human-driven flexible bus 0.00% 
automated flexible bus 31.32% 
human-driven private car 6.32% 
automated private car 62.36% 
human-driven taxi 0.00% 
automated taxi 0.00% 
  
As Tables 4 and 5 show, automated private car has the highest market share 
under baseline values. After ten iterations, the market shares of most human-driven 
modes decrease to zero except for the human-driven private car, and the mode with 
greatest market share is still automated private car. The main reason for decrease in 
human-driven mode is that when travel demand decreases, the unit cost per trip keeps 
increasing as driver cost remains the same, hence the driver cost becomes a much 
more significant part of total cost. For example, the proportion of driver cost for HC 
increase from 30.3% to 96.5%. The reasons why market shares of conventional buses 
decrease to zero are also due to the decrease in travel demand. Conventional bus 
service carries more passengers per trip, allowing the cost of conventional buses to be 
lower when travel demand increases. The increases in market shares of private 
vehicles after twenty iterations are because the formulations of cost for private 
vehicles are irrelevant to demand density. In summary, from Table 4 and 5, the 
introduction of automated vehicles might greatly change the relative competitiveness 
of transit modes. As for public transit, conventional bus transit, whether automated or 
human-driven, might be eliminated as automated flexible buses can satisfy most 
public travel demand. Also, private vehicles might play a more important role in 
urban transportation after automated vehicles are introduced. One thing should be 










Chapter 5:  Sensitivity Analysis 
 
Sensitivity analyses are conducted to explore the relative merits of all eight 
transportation services in different circumstances. Five cases are presented below. For 
sensitivity analysis, only one parameter at a time is changed while others are 
maintained at their baseline values. 
 
















human-driven conventional bus automated conventional bus
human-driven flexible bus automated flexible bus
human-driven private car automated private car




Figure 3 Sensitivity analysis: demand density and market share 
• Figure 3 shows that as the density Q increases from 20 trips/mile2/h to 
190 trips/ mile2/h, the market share for all four bus modes increases, 
first sharply, then at a decreasing rate. The reason why cost of bus 
modes decrease as demand density increase is because its economy of 
having more passengers in one vehicle. The costs of private modes 
remain the same since their speeds are not affected by demand density, 
which leads to the market share goes down as the cost of other modes 
decrease.  
• Moreover, the automated modes are better than human-driven modes 
in total market shares, but the gap tends to narrow as Q increases. As 
demand density increase, the bus size increases to satisfy the growing 
demand, allowing one driver to be responsible for more passengers. 
Thus, the proportion of driver cost decreases as demand increase, 
leading to narrowing the gap between automation and human-driven 
modes. 
• Regarding bus transit mode, the market shares of conventional bus are 
increasing faster than flexible bus, which indicates that in areas with 
higher demand density, fixed-route bus is preferable. When Q ranges 
from zero to 70 trips/mile2/h, the AP is the least costly option. When Q 
exceeds 70, AF becomes preferable. 
• Another important finding observable from Figure 3 is how the 
relative competitiveness of each mode changes when AV’s appear. In 




the results show that bus transit services are more preferable than 
private vehicles for the assumed baseline parameters. However, when 
AV’s are introduced, the relative competitiveness changes. When Q 
ranges from zero to 70 trips/mile2/h, the AP is the least costly option. 
This result indicates that when AV’s are introduced, the 
competitiveness of public transit may decrease.  
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Figure 4 Sensitivity analysis: AV Penetration and market share 
• AV market penetration is expected to have a dramatic impact on road 
capacity and may thus affect the relative performance of each mode. 
The eight alternatives proposed are assumed to be the only possible 
vehicle types on the road. Figure 4 shows that the relative 
competitiveness between HV change dramatically as AV penetration 
rises. When AV penetration is below 70%, HC and HF are the 
preferable alternatives. When AV penetration reaches 70%, the market 
share for HP exceeds HC, indicating as the AV penetration increase, 
even human-driven conventional bus becomes less cost-effective.  
• For  AV, when the penetration is greater than 85%, AF becomes the 
most cost-effective alternative. This result can be explained by the 
increasing AV penetration leads to increasing travel speed, hence 
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Figure 5 Sensitivity analysis: AV Penetration and optimal bus size 
• Figure 5 shows the sensitivity of optimal bus size for AC, HC, AF and 
HF.  It shows that the sizes of both AC and AF first increase, then 
decrease as the AV penetration rise. The increase can be explained by 
the raise in AV penetration, hence the demand for AC and AF increase. 
The decrease indicates that with AV, smaller buses are preferable. This 
occurs because the increase in AV penetration leads to the increase in 
average travel speed, allowing buses to cover more round-trips per 
time period. Thus, the bus headway decreases, and smaller buses can 
satisfy the demand. 
• Moreover, the AC size decreases faster than the AF size with the rise 
of AV penetration. This occurs because when there are no AV, the 
economy of having more passengers per paid driver is the merit of 
conventional bus. As AV penetration increase, the elimination of driver 
cost reduces the need for having more passengers in a bus, which 





5.3 Cost of Driver 
 
Figure 6 Sensitivity analysis: Cost of driver and market share 
• Figure 6 shows the sensitivity of market share of each alternative with 
respect to the driver cost. Figure 6 indicates that when driver cost 
exceeds 8 $/hour, the AF’s market share exceeds the market share of 
HF under baseline value.  Also, for the assumed parameters, the AP is 
always the most preferable mode, as it eliminates the driver cost while 
benefitting from the higher speed of AV.  
• It can be noted from Figure 6 that without AV’s, using bus transit is 
much preferable to using private car despite the high driver cost. This 
















Cost of Driver 
human-driven conventional bus automated conventional bus
human-driven flexible bus automated flexible bus
human-driven private car automated private car




in a bus. However, the relative competitiveness changes as AV’s are 
introduced. This result also suggests that when AV’s are introduced, 
private modes may become more competitive. 
 
5.4 Automation Parameters 
 
Figure 7 Sensitivity analysis: automation parameter and market share 
How relative competitiveness of each mode can be affected by the change in 
value of time reduction parameter θ and parameter for capacity function m is 
evaluated in this section. This sensitivity analysis explores the effects of the shape of 
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𝑟𝑟[𝑓𝑓] = 1 − 0.5 ∙ 𝑓𝑓𝑚𝑚 (2) 
For a power of m = 0, there is a constant capacity effect that is independent of 
f. For m ≥1, the higher m is, the more convex the capacity function. Our base case has 
m = 2.0 and thus the capacity function is highly convex with respect to AV market 
penetration. As shown in Figure 7, as the power of m increases, the market share for 
each AV mode increases. This occurs because when m increases, the gain in road 
capacity for AV decreases, which further leads to decreasing travel speed and, 
accordingly, increasing total cost.  Thus, the shape of the capacity function can 





5.5 Line-haul Distance 
 
Figure 8 Sensitivity analysis: line-haul distance and market share 
• Figure 8 shows the sensitivity of market share of each alternative with 
respect to the line-haul distance. One thing should be noticed is that 
the vertical axis is not evenly displayed, as the market shares of some 
transportation modes are too small to be shown in one figure. Also, the 
market shares of human-driven taxis when line-haul distance is greater 
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shown in Figure 8, line-haul distance can greatly affect the relative 
competitiveness of each transportation mode.  
• First, when line-haul distance increases, the market shares of HP, AP, 
HT, AT decrease dramatically, indicating that vehicle with small 
capacity can be less competitive. These decreases can be explained by 
the lack of economy of having many passengers in one vehicle 
compared to bus services. On the contrary, the only two modes with 
steady increase are AC and HC, indicating that conventional bus 
services are better received when line-haul distance grows.  
• Secondly, automated conventional bus becomes the mode with highest 
market share when line-haul distance exceeds 3.5 miles, as it enjoys 
the economy of the buses and the higher speed of automated vehicle.  
• Thirdly, it can be noted from Figure 8 that when line-haul distance 
rises, the competitiveness of bus modes greatly increases, regardless of 
human-driven or automation. Meanwhile, the increases in automated 
modes are much greater then increases modes. This indicates that 





5.6 Expected Profit Margin Parameter 
 
Figure 9 Sensitivity analysis: profit margin coefficient for bus and market share 
• Figure 9 shows the sensitivity of market share of each alternative with 
respect to the profit margin coefficient for bus 𝛼𝛼 ranging from -1.0 to 
1.0. 𝛼𝛼 = −1 indicating that the bus services are fully subsidized while 
𝛼𝛼 = 1 means that the profit reaches twice of the cost.  As shown in 
Figure 9, 𝛼𝛼 can greatly affect the relative competitiveness of each 
transportation mode.  
• As shown in Figure 9, when 𝛼𝛼 increases, apparently the market shares 
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the increase of price for bus services, allowing private modes and taxi 
services enjoy a relatively lower cost, resulting the increase of their 
market shares. On the contrary, the market share of human-driven 
conventional bus decreases drastically as 𝛼𝛼 rises, indicating that its 
high market share when 𝛼𝛼 is relatively low relies more on subsidy.  
Meanwhile, the market shares of AF, HF, AC first rise as the cost of 
HC increase, then decrease because of the increase in price.  
• Secondly, automated private becomes the mode with highest market 
share when 𝛼𝛼 exceeds -0.1, as it doesn’t have to make profit and 
enjoys the higher speed of automated vehicle.  
5.7 Load Factor 
Table 6 Sensitivity analysis: optimized parameter with respect to load factor 
variable baseline value         (human-driven) 
baseline value         
(human-driven) 
load factor =1.25 
baseline value   
(automated) 
baseline value   
(automated) load 
factor =1.25 
S*(flexible) 15.88 12.7794 20.42 18.5435 
A* 2.91 2.9371 4.14 3.142 
Y 29.97 34.0786 33.26 35.5846 
S*(fix route) 22.34 16.5875 17.26 18.6155 
h*(flexible) 0.14 0.18 0.12 0.1907 
h*(fix route) 0.17 0.136 0.15 0.1844 
r* 0.84 0.72 0.73 0.7627 
M 3.39 3.39 3.39 3.39 
𝐹𝐹𝑜𝑜∗ 77 77 47 47 
𝑪𝑪𝒇𝒇 3.69 3.0668 3.01 2.8265 
𝑪𝑪𝒑𝒑 4.71 4.71 3 3 
𝑪𝑪𝒕𝒕 5.79 5.79 4.44 4.44 
𝑪𝑪𝒄𝒄 4.02 3.6056 2.69 3.3763 
 
In this case, maximum load factors for all bus service are increased from 1 to 1.25 




other variables. It is noted that only the costs of automated conventional service are 
above the baseline case. Other types of service regardless of conventional or flexible 
route bus service benefit from higher load factors. However, the effect of automated 
service is saving about 18.43% and 33.08% for conventional and flexible bus with 
load factor of one respectively, saving only 7.84% and 6.36% for bus with load factor 
of 1.25, indicating the increase in load factor can reduce the benefit from automation, 






Chapter 6:  Conclusions and Future Studies   
 
This dissertation analyzes several interesting problems in order to evaluate the 
impact of automated vehicle to transit systems. Contributions of this research are 
valuable for bus transit planning purposes. To be implemented realistically, further 
research is required, as discussed in the future studies section. Findings and 
contributions of this research are discussed below.   
6.1 Findings and Contributions    
This thesis formulates and applies optimization models to explore the effects 
of introducing AV’s on the relative effectiveness of bus and private car operations. A 
benchmark model is proposed and then extended into a series of models with various 
combinations of whether the vehicle is automated and bus route service type. The 
benchmark model is solved analytically, and the results are shown by numerical 
study. Sensitivity analyses are comparatively conducted for all proposed modes.  
The results from this study should be useful in making investment decisions 
for transportation infrastructure, especially regarding transit vehicles and facilities, 
while considering the effects of driverless vehicles. Responsible organizations can 
evaluate and select appropriate bus transportation modes with the proposed models.  
With the reasonable baseline parameter values used here, our quantitative 
estimations show that AV technology may have positive as well as negative effects on 
the competitiveness of public transportation. The numerical results suggest that (a) 
the introduction of AV’s can reduce travel cost significantly, which leads to a higher 




introduced; (c) thresholds can be identified to distinguish the demand densities at 
which the eight proposed modes are most cost-effective. Also, under our baseline 
values, the results suggest that (d) automated conventional bus service yields the 
lowest cost per trip; (e) the competitiveness of public transportation compared to 
private transportation decreases when AV’s are included. 
6.2 Limitation of the Study  
There are some limitations in this study. First, in real transit system 
operations, the elasticity factors of in-vehicle time, waiting time, access time, and 
fares may be related to the actual transit ridership. Thus, the assumption of a fixed 
total demand may be revised in further studies. Secondly, if actual ridership data are 
available, the optimization models presented here may be able to provide more 
realistic guidance to the transit service planners and managers in what situation transit 
services are preferable to private services or vice versa. Thirdly, more geographically 
realistic models, based on Geographic Information Systems (GISs) may also improve 
the mode selection model. This would be a better guidance for transit planners to 
choose under what circumstance bus services are preferable to private services.  
 
6.3 Future Research  
This study can be improved in the following ways: 
1. Congestion effects may be considered. 
2. Demand variations over time may be modeled. 




4. Other public transit modes including rail transit may also be modeled and 
compared.  





























 +(𝐿𝐿𝑊𝑊𝐿𝐿)2𝐾𝐾 − 𝐿𝐿𝑊𝑊𝐿𝐿 = 0 (65)
 
  
which can be seen as  
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The roots of the equation can be computed from the value of P, Q, R, S, T, and V. 
X1 = −P −
1
2
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1
2�
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X1–X4 correspond to 𝐹𝐹𝑜𝑜ℎ, so it can be computed through this method. The only 
feasible solution satisfying 𝐹𝐹𝑜𝑜ℎ > 0 is the optimized fleet size 𝐹𝐹ℎ𝑜𝑜
𝑜𝑜𝑝𝑝𝑜𝑜. The process is the 
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